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Affordable and ubiquitous online communications (social media) provide the means for flows of ideas and opin-
ions and play an increasing role for the transformation and cohesion of society - yet little is understood about
how online opinions emerge, diffuse, and gain momentum. To address this problem, an opinion formation
framework based on content analysis of social media and sociophysical system modeling is proposed. Based
on prior research and own projects, three building blocks of online opinion tracking and simulation are
described: (1) automated topic, emotion and opinion detection in real-time, (2) information flow modeling
and agent-based simulation, and (3) modeling of opinion networks, including special social and psychological
circumstances, such as the influence of emotions, media and leaders, changing social networks etc. Finally,
three application scenarios are presented to illustrate the framework and motivate further research.
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1. Introduction

The goal of opinion research is to identify emerging societal trends
based on views, dispositions, moods, attitudes and expectations of
stakeholder groups or the general public. One major application of
opinion research is the area of policymaking in order to better antic-
ipate likely impacts of policy measures and better communicate
expected benefits and consequences. Models of opinion formation
based on real-world online communication enable the simulation
and prediction of the evolution of communication patterns on a spe-
cific policy issue within a region or cross-regionally for global
comparison.

The democratization of web publishing has led to the explosion of
the number of opinions expressed over the internet. At the same
time, citizens are becoming more actively engaged in policy issues,
more empowered, and more demanding in their relations with tradi-
tional institutions while political clubs, organizations, and editorials
experience falling memberships (Inglehart & Welzel, 2005).

Research on the blogosphere identifies a ‘hunger’ for and reliance
upon peer advice and recommendations found online and this infor-
mation hunger is strongly evident in the political sphere. For exam-
ple, through a large-scale survey, researchers were able to infer the
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motivations of over 60 million U.S. citizens who gathered online in-
formation about the 2006 elections and exchanged their views
(Rainie & Horrigan, 2007). For one third of these citizens, the motiva-
tion to engage online was to get perspectives from inside their com-
munity, while another third was motivated by getting perspectives
from outside their communities. Another third was motivated by
other citizens' endorsements or ratings. The political sphere appears
particularly suited for investigating opinion-formation in the
blogosphere, because “blogging as democratic practice” is inherently
linked to the broader policy processes (Griffiths, 2004).

Affordable and ubiquitous information and communication tech-
nologies (ICT) promote the exchange of ideas and opinion across bor-
ders. Driving the structural transformation are information flows
connecting individual ideas and opinions with others thereby
creating the networked society (Castells, 1996). Arguably, the
ICT-enabled flows of ideas and opinions play a fundamental role for
the transformation and cohesion of the information society - yet little
is understood about how online opinions emerge, diffuse, and gain
momentum (Christakis & Fowle, 2009). At the same time, the internet
provides large amounts of data from online communities making it
possible to observe and study social interactions online ‘in situ’. One
might treat the internet community as a huge social and psychologi-
cal laboratory (Skitka & Sargis, 2006). Hence, in this work we follow
an overarching research question:

In what ways can online content from various social networking re-
sources be exploited to inform decision makers about constituent
opinions, emerging trends, and on the feasibility and potential impacts
of policy initiatives?
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In the following, we address this question by presenting building
blocks for opinion mining, simulation, and understanding of trends:

« Social media content analysis: a large set of online forums, blogs or
other publicly available text streams are tracked and analyzed.
Text understanding algorithms extract semantic information relat-
ed to the topics targeted by the decision maker. In particular, the so-
cial network of individuals expressing their opinion online is
reconstructed and for every analyzed text, the main subtopics are
identified, as well as the associated sentiment (positive/negative
opinions);

Opinion formation modeling, simulation and prediction: An opinion
diffusion model is estimated on the extracted data to recover the
graph of influence and model current and future opinions' trends.
Every opinion is represented by a concept (or sub-topic) and a dif-
fusion rate, and individuals are represented by interests, influence
and disposition of being influenced;

The next two sections describe these components in more details.
Section 4 then presents application scenarios and real-life examples
that naturally fit to the proposed opinion mining framework. Finally,
we discuss the practical implementation choices and future research
directions.

2. Social media content analysis

Topic and opinion detection in online content facilitates the iden-
tification of emerging societal trends and analysis of public reactions
to policies. The next step beyond current web search is to rank infor-
mation entities of varying type, complexity, and structure, rather than
document-only (e.g. web pages). Being able to retrieve specific enti-
ties rather than whole documents allows building innovative applica-
tions for topic and opinion detection (e.g. extracting comments).
These possibilities are made possible due to the proliferation of Se-
mantic Web standards and methods, rise of machine learning
methods in natural language processing, availability of datasets for
machine learning algorithms to be trained on, and the spread of
review-aggregation websites and user-rated content. Topic and opin-
ion detection provides a fast and reliable way of transforming a set of
unlabeled documents into a well-structured knowledgebase. There
are two approaches, which currently develop rather unrelated to
each other:

Natural language processing (NLP): implicit representation of mean-
ing, based on a vector representation of texts and meaning, which
enables the definition of similarities between texts and degrees of
positive or negative opinions. The outcome of such models is accu-
rate but difficult to interpret.

Semantic web approaches (SW): explicit representation of the do-
main based on semantic annotations that map a text to the domain
ontology via keywords or tags. There are few large scale examples
of efficient reasoning based on this approach.

Today, there are few hybrid systems combining the strengths of
both approaches. We present an approach based on a robust method
using the implicit representation of meaning (NLP) and extending it
using light-weight ontologies for the Semantic Web (SW) to improve
performance and allow more fine grained analysis of opinions.

2.1. Opinion detection

The focus is on the automatic identification and extraction of opin-
ions from text and multimedia (Chesley et al., 2006). Motivation for
this component is based on providing support for decision makers
to automatically track attitudes on certain topics in online media
and user generated content (Lin, Wilson, Wiebe, & Hauptmann,
2006). For example, opinion detection has been proposed as a key

enabling technology in eRulemaking, allowing the automatic analy-
sis of the opinions that people submit about pending policy or
government-regulation proposals (Allen et al., 2005; Kwon, Shulman,
& Hovy, 2006; Shulman, Hovy, Callan, & Zavestoski, 2006).

The goal of opinion mining is to create a knowledgebase
containing online opinions in a more structured and explicit form.
The data is processed by a NLP engine based on a syntax analyzer
and machine learning techniques that detect which part of the
sentence correspond to the expression of an opinion, and on which
specific topic. For each text, the identified opinion is represented as
a list of pairs (rhetorical concept, keyword) mentioned in the text.
The rhetorical concept is defined a priori by linguists. To start with,
the vocabulary will be simplified into four categories, such as
‘positive opinion’, ‘neutral opinion’, ‘negative opinion’ and ‘informa-
tion’ (e.g. fact-like information such as quality news).

2.2. Sentiment analysis

Sentiment analysis combines the deliberative with the emotional
part (opinions or attitudes with emotions about them). Similarly to
the analysis of attitudes, computer-based recognition of emotions
requires advanced analytical tools. While lexicon-based solutions
provide some level of detecting basic emotions (e.g. by selecting
agreeing, confirmative words or detecting swearwords and curses),
they fall short of human recognition by the readers, because they
often fail to recognize the more subtle forms of expressing emotions:
humor, sarcasm, irony, provocation.

Using various categorization algorithms, emotion analysis has al-
ready been subject of research (Allen et al., 2005; DeSteno, Petty,
Rucker, Wegener, & Braverman, 2004; Prabowo & Thelwall, 2009;
Theunis, Kiister, Tsankova, & Kappas, 2010). These approaches have
proven to be effective analyses of internet-based communities
(Chau & Xu, 2006; Chmiel et al., 2011b; Derks, Fischer, & Bos, 2008;
Mitrovi¢, Paltoglou, & Tadi¢, 2010; Thelwall, Wilkinson, & Uppal,
2010). There are also works devoted to modeling of such communica-
tion networks and comparisons of the agent-based models and obser-
vations (Chmiel et al., 2011a; Ding & Liu, 2010; Schweitzer & Garcia,
2010; Sobkowicz & Sobkowicz, 2010). One of the ways to achieve bet-
ter agreement between automatic recognition systems and human
categorization of emotions is to include capacity to ‘remember’ eval-
uation values given to previous expressions attributed to the same
anonymized author (if such authorship can be identified, which is
the case of many social media environments).

It is important to combine the opinion and emotion analyses in a
single view. This enables to transcend simplifications typical for
sociophysics-based models of opinion change (Sobkowicz, 2009a).
For example, our research on discussion fora (Sobkowicz &
Sobkowicz, 2010, 2011) shows remarkable stability of individual po-
litical opinions of discussion participants. On the other hand, the
emotional state is quite flexible. Emotion may dynamically change
as a result of a single event: message read, conversation, news item.
On the other hand some deeply ingrained opinions (e.g. political affil-
iation) are impervious to external influences. This phenomenon is
easy to understand in the framework of normative/informative pro-
cessing (Wood, 2000). Within this framework, normative attitudes
related to a person's position within the in-group are highly stable;
those related to internal coherence of views are moderately stable.
In both situations new information is processed in a biased way. On
the other end, informative processing, with a balanced approach
and flexibility of opinions is associated with information related pri-
marily to specific issues. The more emotional the discussions are,
the less chance there is of actually changing participant opinions.
With this in mind, we point out the role of moderators and structural
properties of internet social media in deciding the deliberative vs.
emotional reactions of the users.
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3. Opinion formation modeling

Recent years have brought significant interest in interdisciplinary
studies, combining tools and methods known from physics with so-
cial analyses. These studies are often referred to as sociophysics, and
range from purely numerical studies of economic trends to descrip-
tions of social activities. Among the latter, a significant role is played
by computational models of opinion formation. Such models often
use agent-based simulations. Within a simplified framework, focusing
on a few selected aspects of social activities (such as communication
network, susceptibility to influences, contrariness etc.), it is possible
to derive general trends of behavior of large societal groups, starting
from individual perspectives (similar to statistical, kinetic theory of
matter).

One of the major problems with ‘social physics’ or sociophysics re-
search on opinion modeling is the lack of validation based on real-life
examples and data. Recent works reiterate the need for a real-life val-
idation by emphasizing real-life evidence over conceptual models and
theory (Moss & Edmonds, 2005) as well as prediction and explana-
tion based on real data for opinion modeling and observation
(Epstein, 2008). There exists a significant gap between the social
and psychological literature devoted to attitude change and models
based on physical analogies.

The social and psychological literatures indicate that there are
many interacting factors persuading people to change attitudes
(for general reviews and accounts of the developments in sociolog-
ical understanding of these phenomena see, e.g. Cialdini, Levy,
Herman, Kozlowski, & Petty, 1976; Crano & Prislin, 2006; Eaton &
Visser, 2008; Petty, Wegener, & Fabrigar, 1997; Price, Cappella, &
Nir, 2002; Wood, 2000). Moreover, it is clear from field studies
that the reactions depend on social context and situation for exam-
ple (face-to-face contact, or the propensity for deliberation, see
Cialdini et al., 1976; Friedkin & Johnsen, 1999; Gastil, Black, &
Moscovitz, 2008; Kenny, 1994; Price et al., 2002; Wojcieszak et
al., 2010).

On the other hand, the models introduced by the physics com-
munity are usually simplifying the psychological description, to
allow more rigorous mathematical treatment (for reviews and
comments see Castellano, Fortunato, & Loreto, 2009; Sobkowicz,
2009a). The list of factors influencing human attitudes, identified
in the psychological literature is long (Petty & Wegener, 1998).
We note that the relative importance of these factors is by no means
established, and it may differ from one social situation to another. As a
result, it is extremely difficult to map the complexity of human behavior
into simple, agent-based computer simulations.

While individual sociophysical works are based on rather
simple ‘models’ of human behavior, there are many variants of such
approaches, for example the bounded confidence models (Deffuant,
Neau, Amblard, & Weisbuch, 2000; Hegselmann & Krause, 2002),
the social impact theory (Hotyst, Kacperski, & Schweitzer, 2001;
Kacperski & Hotyst, 1999; Nowak & Lewenstein, 1996; Nowalk,
Szamrej, & Latané, 1990), or the Sznajd local influence model
(Sznajd-Weron & Sznajd, 2000). We note that there are also works
extending beyond the simple analogies from physics, taking into
account dynamical nature of social interactions, different roles played
by individual persons, such as leadership or authority positions
(Banisch, Araujo, & Lougd, 2010; Huang, Tzou, & Sun, 2011; Sobkowicz,
2009b, 2010). However, only by combining the psychological/sociological
approach, based on a deeper insight into individual and group decisions
and actions and the quantitative tools based on developments of sta-
tistical physics (for example studying the role of information and en-
tropy in human communication) can one achieve reliable insights.
Both approaches are important to improve the predictive capacity in
the analysis of social opinions.

Psychology and sociology based research provides understanding
of individual and group reactions, while statistical and simulation

methods enable turning these into working models of social phenom-
ena. Such a combined approach would be particularly applicable
to the analysis of internet communication activities, as they are
connected with large quantities of easily accessible data (Bordia, 1996;
Chau & Xu, 2006; Ding & Liu, 2010; O'Connor, Balasubramanyan,
Routledge, & Smith, 2010; Wojcieszak, 2008; Wojcieszak et al., 2010).

In addition to the sentiments and expressed opinions, which can be,
as we suggest, monitored via datamining tools, Web-based communi-
ties provide direct access to social structure data, which is usually diffi-
cult to gather. This includes the social network topology and evolution
(including the birth of new communities), temporal patterns of com-
munication and group/individual activities (e.g. burstiness of commu-
nications and decay or persistence of reactions to events). These data
may be compared with the simulations allowing improvements of
model parameters and increased understanding of the underlying
processes (see e.g. Barabasi, 2005; Schweitzer & Mach, 2008; Vazquez
et al,, 2006).

3.1. Opinion diffusion simulation

The two main approaches concerning the modeling of the diffu-
sion of opinions are based on analogies from epidemiology and on
various sub-models of interpersonal influence. The first approach is
especially valuable in the case of opinions on a subject that is new
to the population, what we could call opinion formation or opinion
spreading. Such models assume for each agent three stages: the initial
state, the alert state, and the percolated state. Such models draw on
the works of Watts (Watts, 2002; Watts & Sheridan Dodds, 2007) in
sociology and of Payne, Dodds, and Eppstein (Payne, Sheridan
Dodds, & Eppstein, 2009) in physics and is here applied to the area
of opinion cascading (Kaschesky & Riedl, 2011).

The other simulation approach focuses on changes of opinions
under influence of other society members and/or external influences
(media, propaganda). Here there are many detailed models describ-
ing the influences (such as the bounded confidence model or variants
of the social impact model). Additionally more advanced models take
into account the dynamic nature of the social interactions, due to
which the network linking the citizens is not static, but evolves in
parallel with their opinion changes, both influencing it and being
influenced by it.

In addition, the behavior of agents should reflect individual differ-
ences between people. For example, MacKuen et al. (2010) introduce
an interesting division of participants of political debates into the
deliberative citizen, who considers - in a balanced way - all available
information (including that opposing his/her current views) and the
partisan combatant who is a passionate supporter of a single view-
point. Such difference is relatively straightforward to include in
agent-based computer simulations - and may crucially influence the
spread of ideas and conflict over time. One of the most important
non-deliberative factors influencing the attitudes toward specific sub-
jects is emotion: emotions may facilitate or inhibit deliberation and,
for example, completely freeze the opinions despite arguments and
data pointing otherwise. Such situations are encountered frequently
for issues of great importance (e.g. political attitudes driven by ad
persona arguments, or issues where there is already a lot of emotion
involved, such as attitudes to abortion, human-caused Climate
Change, terrorism or racial issues).

When modeling opinion formation in modern societies, it is im-
portant to go beyond simple person-to-person interactions. In gener-
al, the model should include also influences of perceived in-group
opinions, out-group pressure (and possible paradoxical contrarian
roles Galam, 2007; Martins & Kuba, 2010), as well as effects of mass
media. Mutz and Martin (2002), writing about traditional media
(e.g. press, TV), predicted that in political environments their effects
would surpass the person-to-person influences. This is even stronger
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in online social networks, where participatory nature allows much
stronger identification with selected attitudes.

Without the risks and responsibilities associated with face-to-face
contacts. The users not only react to the perceived opinions, emotions
and information, they effectively create their own environment, via
selective attention, assortative grouping and reliance on content
created within like-minded groups.

3.2. Opinion formation simulation

When we turn from opinion spreading to opinion changes (on
both individual and societal levels), the models based on tools from
statistical physics typically focus on global properties of the modeled
system, such as the average opinion, time to achieve consensus or the
number of different views within a society (Deffuant et al., 2000;
Hegselmann & Krause, 2002; Kacperski & Hotyst, 1999; Nowak et
al., 1990; Sznajd-Weron & Sznajd, 2000). In most works, people's ac-
tions and characteristics are simplified to the opinion itself (often tak-
ing a simple binary form of pro or contra specific issue) and to the
social contact structure (e.g. network of contacts). Only a limited
number of works consider possible interactions and correlations
between opinions on related subjects (forming a complex ‘world-
view’ of a person). The reason is that the mathematical models
taken from statistical physics are not suitable to handle such
complexity.

An improvement is offered by agent-based computer simulations,
which allow integration of agent descriptions that are more detailed
on the micro-level of individual behavior and therefore enable the
combination of observations across several levels, from the individual
micro-levels to the aggregated macro-levels. Such non-classical
socio-economic modeling goes beyond simplified economic models
because it takes into account several and multi-faceted characteristics
of individuals, rather than one monolithic characteristic (e.g. utility
maximization).

The proposed approach, developed in the course of our work,
is motivated by three goals. The first was to keep the models ap-
plicable to real life social situations (Sobkowicz, 2009a), prefera-
bly giving concrete descriptive as well as predictive capabilities.
Thus the model takes into account the social structure of the
analyzed social situation (e.g. presence or absence of social
links fixed by the environment, such as family or work connec-
tions Sobkowicz, 2009b); presence or absence of ‘special status’
individuals (such as leaders) (Sobkowicz, 2010); modes of com-
munication (for example highly formalized communication in
scientific research Sobkowicz, 2011 or dynamic discussions on
the internet fora Chmiel et al, 2011a, 2011b; Sobkowicz &
Sobkowicz, 2010).

The second goal was to keep the model parameters simple
enough to allow mapping between sociological observations
(e.g., observed communication network structures, attitude dy-
namics, political views), psychological factors as well as agent
roles and characteristics. This goal is related to a larger one: the
models should be meaningful, in the sense of providing insight
and understanding of the observations (stressed by Epstein
Epstein, 2008).

The third goal that we have in constructing the models is flexibil-
ity in taking into account previously unrecognized variables (espe-
cially when they can be mined from observations). The recent
expansion of the opinion-related model to include emotions is an ex-
ample of such flexibility (Chmiel et al., 2011a; Sobkowicz &
Sobkowicz, 2011, 2012).

The current model takes into account these goals: it provides
capability for the agents to cut the social links with those they
disagree with and form new links with agents sharing the same
opinion or to keep them. This makes the network structure

dynamic. It is also possible to include some links that cannot be
broken (e.g. family or work relationships).

With respect to opinions we include not only the proponents or
opponents of a given view but also agents with no preferred opin-
ion (neutral agents). This allows significant change from models
where only committed agents are present, changing both the social
network and opinion change dynamics. Appropriate real life exam-
ples of application of the simulation include political preferences
and highly controversial opinions on topics such as abortion. With-
in the model, the strength of influence between agents decreases
with their social separation, reflecting the fact that our opinions
are swayed less by remote acquaintances or strangers than by
the closest associates.

Secondly, the opinion of a given agent may be changed in reaction
to perceived cumulative social opinion of others, corresponding to a
properly averaged ‘peer pressure’ rather than the individual encounters.
Many of the classical models have stressed the importance of such indi-
vidual contacts in opinion changes of agents, but the constant back-
ground of perceived opinions, resulting from numerous encounters
and information on opinions held by other members is relevant. In a
way, this can be described as each agent continuously measuring and
responding to the ‘discomfort’ due to difference between own opinion
and properly averaged opinions of other agents. It also becomes possi-
ble to simulate propagandist efforts via simple parameterized factor of
external influence.

The topic of media influence in social simulations requires par-
ticular attention. Traditional media (e.g. press, TV) are typically de-
scribed as unidirectional influences: from mass media to readers/
viewers. This situation is changing: in many countries the polariza-
tion of media can be observed as result of positive feedback cycle:
as users are selective in their choice of the information sources, the
media managers adjust their presentation to cater to the preferences
of their target groups. Traditional impartialness gives way to specific
views, which, in turn, increase the selectiveness of the readers
(Wojcieszak, 2010).

The media polarization enhances the effects of social separa-
tion resulting in strong, socially undesirable effects. Wojcieszak
(2010) points out the effects of perceiving false consensus,
resulting from selective information processing. When both the
direct social environment and media accessed by a person are ef-
fectively separated from the rest of society, the social structure
may become fossilized, diminishing chances of achieving neces-
sary consensus on important issues. All these effects are included
in the general scheme of the opinion formation model presented
in Fig. 1.

The situation is more complex when we analyze internet-based
media, with active participation and lack of inhibitions that are
present in face-to-face interactions. There are many environments
(such as discussion boards related to blogs or news sites, social
networks such as Facebook or Twitter) where users, emboldened
by relative anonymity, actually actively jump on opponents to pro-
mote conflict. The role of such exchanges driven by disagreement
is relatively weakly studied. While they break the false consensus
limitations, they do not serve the goal of achieving consensus -
perhaps the reverse: they strengthen the differences between
supporting groups.

With increasing popularity of these internet ‘battlegrounds’, their
role must be better understood and methods of including deliberation
into the exchanges is of utmost importance. From the research per-
spective, the efforts must combine automated analyses of the actual
content of the fora with modeling aimed at simulation of the role of
moderators, graphical presentation of discussions, measures decreas-
ing negative emotions. As there is no fixed social network (the inter-
net users actually create their own environment), we develop a
model for opinion formation simulations that take into account the
dynamic, message-based nature of internet communication activities.
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Fig. 1. Flowchart of agent-based for simulating opinion formation based on effects of leadership, dynamic social structure, presence of neutral agents and effects of social distance.

The process of creation of such message-based network (which
may apply to discussion boards, blogs, e-mails etc.) within an
agent-based model is schematically presented in Fig. 2.

One of the interesting aspects of internet-based communication
is the broad range of observed behaviors. For example, the political
blogs in the U.S. were shown to exhibit high levels of separation
between the two opposing camps (Adamic & Glance, 2005). But
there are environments where conflicted users actually seek con-
tact with the other side and where most of the contacts are be-
tween the representatives of the opposing camps (Sobkowicz &
Sobkowicz, 2011, 2012). The proposed model is able to simulate
such vastly different situations, as shown in Figs. 3 and 4. Fig. 3 ex-
hibits an environment where supporters of two opposing political
views (gray and black) maintain intensive communication be-
tween the groups, while neutrals (white) play relatively small
role, thus resembling a situation as observed in (Sobkowicz &
Sobkowicz, 2011, 2012). Fig. 4 exhibits an environment where a
separation between the majority and minority proponents (white
and black) exists and neutrals (gray) provide the communication
channel between the groups, thus resembling a situation as
observed in (Adamic & Glance, 2005).

Simulation models based on complex agents, which include param-
eters for social distance, dynamic social network structure and nontrivial
interactions, are gaining popularity and achieving increasing descriptive

quality of real world descriptions. An example of the use of such models
may be successful simulation of statistical and emotional properties
of news media BBC discussions on politics and religion, comprised of
millions of messages and thousands of distinct users (Chmiel et al.,
2011a). More detailed description of such simulation is provided in
the next section.

3.3. Opinion formation forecasting

Predictions within complex systems, such as communication net-
works, are possible thanks to statistical learning techniques. The anal-
ysis is often composed of three distinct modeling steps involving the
prior knowledge about the opinions, the observation of the opinion
diffusion and the posterior analysis (Watts, 2002): First, a model for
the opinion diffusion network model is assumed. In a Bayesian frame-
work, this corresponds to the definition of an a priori probability
density function. The specific form of this prior distribution (i.e. the
hyper-parameters) is taken from past observations, from experiences
in Monte-Carlo simulations of the communication network and from
the literature. Second, new observational data come with its own
uncertainties (due to noise, partial information and error from the
opinion mining system). The uncertainties are also represented by a
probability distribution. Third, the observations and the prior opinion
diffusion distribution are coupled together to update the distribution
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Fig. 2. Flowchart of agent-based model for simulating ad hoc networks, formed by message-based communication in the Internet, including person-to-person dialogues and

messages addressed to the world at large.

and make a new network model consistent with the new data while
following the prior assumption. This updated distribution is often
called the a posteriori distribution in the Bayesian setting.

The new network model is used to make predictions and is a key
component for interpretation: it defines the way the latent opinion
diffusion process is mapped to the observations. But since in practice
the opinion diffusion is only partially observed, no model is complete-
ly reliable, the uncertainty of the estimation has to be included in the
analysis and the visualization of the results.

4. Application scenarios

The goal of this section is to provide a decision environment that
presents the main historical and current developments regarding
topics and opinions as well as trends of constituents' opinion in

Fig. 3. Supporters of two opposing views (gray and black) maintain intensive commu-
nication between groups where neutrals (white) play relatively small role.

temporal and spatial (i.e. regional) contexts and the likely future evo-
lution of the relevant communication networks in an intuitive and
easy exercisable way. Using geospatial distributions of analytical re-
sults, decision makers understand the topics and opinions of different
local, regional or global stakeholders based on their past opinions and
sentiments towards a policy issue. The ultimate goal is to learn from
unexpected reactions and the evolution of general, minority or viral
opinions to bring forward accurate decisions and maximize the likeli-
hood of intended consequences. The following paragraphs introduce
some illustrative application scenarios and real-life examples to
demonstrate possible uses.

4.1. Political discussions in Poland

An important field of simulation-based analysis is highly polarized
political environments, where support of active citizens is very stable
divided in two almost equal camps. The first to apply sociophysics
methods to such environments was Galam (2007). Stability of 50/50
political power division, observed in many countries, decreases
chances of achieving general consensus in many important issues.
The perception of diverse social questions through limited perspec-
tive of ‘us vs. them’ is especially dangerous when differences of
views, initially limited to a few subjects, spill out to encompass all
social issues. The resulting polarization of the society (including po-
larization of media) often leads to the situations where deliberative
communication and working out of a consensus is almost impossible.
Selective attention and false consensus (when one perceives only
views of supporters of one's own view) lead to further extremism in
the attitudes.

The contemporary political situation in Poland illustrates this very
well. The two main parties are in the state of conflict since 2005, but
the tragic crash of the plane carrying Polish president near Smolensk
in April 2010 has resulted in an unprecedented split, both at the top
politician level and among the citizens. For the supporters of the pres-
ident killed in the crash, it was caused by terrorist attack, instigated
by the opposing party. While initially, the mourning appeared
to unite the nation, the discussions have, during the past two
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Fig. 4. Strong separation between the majority and minority proponents (white and
black) where neutrals (gray) provide the communication channel between the groups.

years evolved into full scale attacks and accusations of national
treason.

This polarization covers also mass media. Some TV and radio sta-
tions and newspapers never invite representatives of the opposing
political camp. In ‘real life’ supporters of the two camps are very
strongly separated (it is typical that whenever political differences
occur, the matter is not discussed at work), which happens even at
a family level. Interestingly, while some internet based communica-
tion channels (e.g. blogs) remain also separated, some, especially
free-form discussion fora, serve as meeting grounds where sup-
porters of opposing factions actively seek contact with the other
side. Such environment provides extremely fertile ground to test
agent based modeling techniques.

One can look for mechanisms that create network structure of
communication (it is one of the very few social environments
where social links may be recorded and observed in situ). With the
advance of text recognition and lexical analysis tools, one can detect
(to some extent) intentions, opinions and emotions expressed in
the comments. These data mining tools, which are improving in qual-
ity may be used in two ways: First, they provide relatively cheaply the
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Fig. 5. Topics, centrality, momentum and cross-references of important issues in Phase 1.

information about the user behavior and characteristics. Second, they
may serve as seeding the initial data for the simulation models. How-
ever, these models still require intensive ‘training’ and comparisons
with estimates done by human evaluators. Using such techniques,
we have performed a multi-year study of a highly polarized Polish po-
litical discussion forum (Sobkowicz & Sobkowicz, 2010, 2011), com-
bining human and computer based analysis of content, goals and
expressed emotions of several thousands of users, confirms the stabil-
ity of individual user views over time.

The computer simulation closely reproduced many important as-
pects of the studied environment: communication network where
most of the links were formed between political factions (the
forum acted as a common ‘battle ground’ for the conflicted citizens,
without the risks typically associated with face-to-face contacts).
Simulations reproduced also the content statistics and details of
emotion distribution for the posts, using simple and intuitive as-
sumptions and few parameters (most of them taken from observed
data). The same model, using data on evaluation that readers gave
to the posted comments (thumbs-up and thumbs-down voting
buttons) enabled the definition of the distribution of political
views of forum readers, i.e. typically the ‘invisible’ ‘read-only’ part
of the internet community. This distribution turned out to be the
same as for the much smaller group of users writing comments
(to within 1%). This illustrates that agent-based computer simula-
tions can provide a window into data that is inaccessible by direct
observation.

It is worth noting that these studies, focused on specific political
environment in Poland characterized by deep polarization and high
conflict level, appear to confirm Galam's suggestions of stability of bi-
polar division (Galam, 2007). These observations were confirmed by
results of parliamentary elections in October 2011, where the two
conflicted parties received almost the same support levels as four
years earlier.

4.2. Governance of Java standard

The role of online opinions in the governance of the Java software
standard illustrates the link between online opinion diffusion and its
impact on policy making (in this case decisions of the Java Governing
Board on opensourcing Java) (Kaschesky & Riedl, 2009). Decision-
making on Java governance used to be a closed-book exercise involv-
ing the largest players. Small software firms and individual devel-
opers had to accept what the Java Governing Board decided. But this
community with high internet-affinity informed and communicated
via online media and forums to address this issue and request
changes leading to opensource the Java standard.

Figs. 5 and 6 each present the two opposing communication net-
works on the issue at different points in time (Opensource logic vs.
Proprietary logic). One communication pattern is around the ‘propri-
etary logic’ while the other is promoting the ‘opensource logic’. On
the left side, the communication network in 2002 is depicted, show-
ing that Java opensource software was an issue that attracted some
interest. On the right side, the same communication network is
depicted in 2004, showing a massive increase in interest and
engagement.

The proposed approach in this paper goes beyond these observa-
tions in three directions: 1) by tracking opinion formation in
real-time, 2) by simulating the evolution of the communication net-
works (e.g. emergence of isolated minority opinions), and 3) by
predicting its future evolution based on past observations and statis-
tical learning techniques.

4.3. BP oil spill

Policymaking after the Deepwater Horizon oil spill serves as an-
other example for an application scenario (Kaschesky & Riedl,
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2011). On 20 April 2010, an explosion on the oil rig caused by a blow-
out killed 11 crewmen and caused the second largest oil spill in histo-
ry. Besides disaster relief operations, policymakers were reviewing
the regulatory regime for oil exploration, the existing liability and
compensation framework, the technological challenges involved
with deepwater activities, and medium-term response activities
(e.g. relief aid, use of chemical dispersants). At the same time, the
general public accused BP and the government of inaction thereby
asserting heavy pressure on policymakers to act swiftly. In addition,
affected local citizens required medium-term help and support
to cope with the consequences yet little was known to
policymakers about the myriad of local problems that were caused
by the oil spill.

Topic and opinion detection are illustrated using the example ap-
plication scenario of the BP oil spill. Data collection retrieves online
content related to the Deepwater Horizon oil spill. The field's bound-
aries are set so as to include all participants who exert some effect on
opinion formation in the field.

For this example, the popular Technorati blog search engine is
used for retrieving blog popularity rankings (arrows indicate popu-
larity changes). Table 1 presents the 16 focal blogs representing the
top 1 percent of all blogs related to U.S. Politics with an authority
index above 1. Included in the sample are influentials or focal blogs,
for example, the top 10 percent of blogs who maintain on average
more connections to other blogs than do the remaining 90 percent.
In addition, government news and publications and political news
services such as Associated Press and Reuters are included for
triangulation.

Topic detection may identify topics on the oil spill, such as ‘Clean
Energy Legislation’, ‘Nightmare Well’, or ‘oil spill’ (uppercase words in
Table 1). Opinion detection will then be able to analyze the content
according to whether the topics are associated with primarily positive
or negative opinions focusing on a specific region or the general public.

Let's take the post on the Greenpeace Campaign Blog which is
used to illustrate opinion detection and sentiment analysis. In this
context, the accumulation of words such as Tragedy, Accident, Pay

Table 1
Top focal blogs related to U.S. politics.

# 1| Focal blog Most recent post

1 — Hotair
2 — CNN political ticker

Quotes of the day

Congressman involved in on-camera
confrontation

Rep. Broun says CLEAN ENERGY LEGISLATION ...
BP emails show disregard for ‘NIGHTMARE
WELL'

3 — Think progress
4 Political punch

—

TN state rep: You have to lift ...
Gov't GEOLOGIST spoke of vast economic ...
Speaking of gangster government

12 | RedState
13 | TPMMuckraker
14 | Power Line

18 1t Greenpeace campaign Deepwater horizon disaster and OIL SPILL will
blog impact ...

the price, Damage (in uppercase below) signify a negative sentiment
(Table 2).

5. Conclusion, implications and validation
5.1. Conclusion

The role of internet communications and communities and their
influence on politics has received mixed reactions: From enthusias-
tic reactions (e.g. in the case of the ‘Facebook revolution’ interpreta-
tion of the Arab spring Chen, 2011; Zhuo, Wellman, & Yu, 2011) to
more conservative evaluations pointing out the role of the tradition-
al ways of social communication (Anderson, 2011; Stepanova,
2011). Some authors stress the unexpectedness of the usage of the
tools designed with commercial and entertainment goals in mind
in political environments (Lewifiski & Mohammed, 2012). Still,
while the exact role of modern computer media may be debated,
there is no denial that for many people they have become the
source of information, important influencer of emotions and the
way to organize activities and to make decisions. This indicates the
importance of proactive use of analyses of such media in policy mak-
ing. Sourcing a wide range of views and concerns, which is being
made possible by the proliferation of user-generated content across
the web, appears to enhance the effectiveness of policymaking by
providing insights that are typically difficult to obtain, such as hid-
den costs and risks, likely winners and losers, or differing cultural
perspectives.

The prominence of the ‘social web’ and of user-generated content
online has created a new situation for the interaction between
policymakers and citizens. Policymakers did not have many indica-
tors of citizen opinions available except for sporadic surveys, making
precise assessments of the policy impact on constituents' life almost
impossible and, consequently, inhibiting the possibility to react swift-
ly to emerging societal challenges. What most people felt and thought
about policy measures and how this influenced their opinions
and subsequent decisions was inaccessible - a policymaking black
box.

Table 2
Illustration of opinion detection and sentiment analysis based on post from
Greenpeace Campaign Blog.

The TRAGEDY we're witnessing right now is but the latest in a long line of OIL SPILLS,
be they from pipelines, tankers, or exploratory drill rigs like the DEEPWATER
HORIZON. Each ACCIDENT brings CONGRESSIONAL INQUIRIES, finger pointing, scath-
ing editorials and PUBLIC OUTRAGE, yet we as a nation are no closer to weaning
ourselves from oil than we were after any other big oil spill. So long as we remain
dependent on oil we will continue to PAY THE PRICE IN HUMAN LIVES, as well as in
ENVIRONMENTAL AND ECONOMIC DAMAGE.
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Rather, online or offline surveys and consultations are undertaken
at great costs and expenditure of time while highly valuable qualita-
tive information on potential benefits and consequences is often
available online, particularly regarding controversial issues that at-
tract wide interest. When implemented, the proposed opinion mining
and computer modeling approach allows valuable ideas and discus-
sions to be collected and analyzed.

The approach supports inclusiveness in policymaking by ensuring
that policymakers take more comprehensively into account the im-
pact that proposed policy measures may have on different groups
who are affected by the policy, such as businesses, families, older
people, ethnic minorities etc. It enables policymakers to extend
their understanding of how the policy may actual impact various
stakeholders and to see its implementation from the citizen's point
of view, thereby minimizing the likelihood of unintended conse-
quences and strengthen the legitimacy of policy measures.

A more effective policy implementation and better identification of
benefits and consequences may be achieved in two ways: (1) Sourcing
and integrating expert and lay stakeholder views and opinions regard-
ing the impact of a policy measure and (2) predicting the evolution of
constituents' opinions to better adjust policy implementation and
communication. In addition, modeling could lead to practical ‘what if
analyses of the consequences and reactions to policies and to ways
they are introduced to the society, leading to more effective policy
implementation and communication through early recognition of
problems and opposition possibly leading to extreme positions. When
implemented, the approach supports policymakers in assessing and
anticipating potential policy impacts on public opinion throughout
the policy cycle:

» Agenda setting: opinion tracking provides policymakers with
issue-specific, policy-focused, on-topic perspectives and sentiments
about a concrete problem that requires policy action. In this way,
policymakers are better able to understand the pros and cons as
well as the expected benefits and consequences voiced by citizens
regarding the problem.

* Policy formulation: opinion forecasting enables policymakers to assess
and anticipate the sentiment and likely impact of proposed policy mea-
sures on constituents' opinion within a region. The opinion simulation
not only performs sentiment mapping for congruence between con-
stituents' opinion on the specific issue and the corresponding policy
action. It also predicts how constituents' opinion may evolve further
taking into account past evolution of sentiment on the issue and the
new policy action. In this way, it enables policymakers to better antic-
ipate the impact of proposed policy measures on constituents' opinion
and adapt policy implementation and communication.
Implementation and evaluation: opinion tracking recognizes issue-
specific and policy-focused arguments and sentiments of opponents
and proponents about a concrete problem while opinion simulation
analyzes the actual impact of policy measures on constituents' opinion
and predicts its further evolution. In this way, it enables policymakers
to recognize and respond to the root cause and better communicate
expected benefits and consequences of the policy.

5.2. Practical validation

In order to become useful for policymakers, the proposed model
should be compared with results observed from other sources and
‘facts’. Therefore the analytical and simulated results should be com-
pared with surveys and polls and in user testing documenting the
changes in social reactions to specific topics and policy implementations.
Such comparisons extend in two directions:

 temporal, predicting the evolution of social trends; and
* representational, predicting the behavior of large social groups
based on data from smaller samples.

Feedback from such test cases allows the opinion tracking and
simulation to become more reliable over time, and provide direct
measurement as to the quality of the analysis, modeling and simula-
tion programming. By gradually improving the models, their control
parameters (as well as the datamining techniques), the goal of better
understanding the complex social processes may be brought nearer.
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